Abstract: Inventory performance is typically based on individual SKU rather than on class of SKUs. This research evaluates ABC inventory classes for performance based on class inventory turn. Multiple multi-criteria inventory control (MCIC) models are used to classify 47 stock-keeping units into A, B, and C categories and their ABC classes' annual performance evaluated for each model. The results show that A-class consistently has highest turns than B and C classes. For the eight models evaluated all but the R-model show higher turns for A class than both B or C class. B and C classes turn inventory relatively the same number of times with the exception of the R-model. The R-model turns C-class inventory higher than A-class or B-class inventory contrary to ABC principles. The results show that inventory classification can be limited to A and B classes instead of the numerous classes sometimes recommended and practiced in many firms.
Introduction
Multi-criteria inventory control (MCIC) (Flores and Clay Whybark, 1986 ) is a subcategory of multi-criteria decision making (MCDM). MCIC has been extensively studied and researchers interested in improving the inventory management function have proposed several models. MCIC uses multiple criteria to cluster the large amounts of inventory into fewer categories with the aim of achieving better control of the inventory. It is easier to set policies and implement strategies for fewer groups than for every item. Conceived from a single criterion classification model, MCIC models have proven effective and reliable in grouping inventory due to their multi-dimensional approach of prioritising inventory. Business decisions are influenced by many factors and the same factors should be used when determining resource allocation and control mechanism. For example, a firm that is making decision on which inventory to stock and the amount of inventory would consider its lead time, usage, sales, cost, scrap factor, or other relevant factors. Hence, the selection of the criteria may be influenced by the firm's strategy. Since the adoption of the sole criterion, which is driven by annual usage or demand, there's been a proliferation of inventory criteria such as lead time, AUC, criticality, stock-out cost, commonality, reparability, durability, etc. in determining classes (Flores and Clay Whybark, 1986; Rezaei and Dowlatshahi, 2010) . Despite the number of criteria used, the objective of MCIC remains the same; that is, to classify and control inventory in an effort to satisfy customer demand, improve service level, and meet the firm's operational and financial strategies. MCIC was developed as advancement to the traditional model that used single criterion with the Pareto-principle by Vilfredo Pareto in mind. The Pareto-principle came to light during Pareto's (1897) study of the Italian economy. In that study, he found that 80% of the wealth in Italy was held by 20% of the people -this became known as the 80-20 rule and is been famously used in many disciplines especially in quality. The Pareto Principle or the 80-20 rule is also referred to as 'the vital few and the trivial many'. This principle has been effectively applied in ABC inventory classification.
ABC classification is an efficient and most widely employed technique for inventory classification in organisations. One of the most important reasons for applying ABC classification is that, in most practical cases, the number of SKUs is too large to control individually. This technique, based on the Pareto principal is an easy method to apply. It segregates inventory items into categories based on selected criteria. A-items are the very important, B-items are the important, and C-items are the least important. It is important to note that these classes are only to be used for control purposes. The level of controlmeaning the amount of time, effort, and resources spent on tracking inventory should be in the relative importance of each item. Therefore, more tracking is done on A-items than B-items, and more tracking is done on B-items than C-items. This is simply to effectively utilise resources to prevent incidents that could result in, for example, inventory shrinkage due to pilferage, or production delays, therefore, in the scheme of operations efficiency all items in inventory should be equally important. For example, a C-item could stop a production line just as a missing A-item could. Figure 1 (Šimunović et al., 2008) , reproduced, shows inventory classes based on the Pareto principle. The figure illustrates ABC classification and Pareto's vital few and trivial many. For example, approximately seven items constitute 80% of the annual cost, nine items constitute 12% of annual cost, and 14 items constitute only 8% of annual cost. From a strict Pareto analysis seven items constitute the bulk, 80% of annual cost, while 23 items constitute a meagre 20% of annual cost. Source: Šimunović et al. (2008) Firms have used financial measures to evaluate their supply chain performance. Financial measures are justified and valid since the primary objective of firms is to be financially viable. However, the focus on only financial performance tends to put operational performance at the back burner. Managers are cognisant of the fact that products are first made, then perhaps stored, and then sold to customers. This simple understanding of the supply chain process would dictate that prior to sales the firm must do a good job at producing, tracking and measuring resources from a non-financial perspective, such as inventory turns, days of inventory on hand, scrap quality, etc. Performance measures must be meaningful to the firm and complement the firm's strategies. It should not be an 'off the shelf' balance scorecard that is now pervasive as a result of knowledge firms (Ittner and Larcker, 2003) . Some researchers have stressed the importance of inventory minimisation for MCIC (Gupta et al., 2007; Khurana et al., 2013) . However, it is important for us to highlight that inventory investment minimisation is not the primary goal of MCIC. Even though cost is an important gauges for supply chain performance (Martin and Stanford, 2007; Teunter et al., 2010) it does not always have to be the driving factor in MCIC (Berrah et al., 2004) . The driving factor for MCIC should be those factors that are important enough to affect performance at their place of evaluation. For example, a purchasing manager could run MCIC with lead time, quality, and reparability if those criteria are the driving factors for the organisation's success. Similarly, a production manager could run MCIC based on setup time, run time, down time, change over time, etc. There are some cost elements in these criteria but the primary focus is more on operational performance. Understanding the position of SKUs from time to time helps in managerial decision-making. Martin and Stanford (2007) suggest that without a feedback mechanism on the effectiveness of an MCIC classification, there is no guarantee that the associated management processes achieved their purpose or even get signal to update the model to conform to business norms (Martin and Stanford, 2007) . One of the most widely used inventory performance metrics is inventory turn. Inventory turn is also referred to as inventory turnover or inventory turn ratio (ITR) in the literature.
Once inventory turn is calculated inventory days on hand (IDOH) can be easily derived. IDOH is the average amount of inventory on hand until the inventory is fully consumed at the current rate of consumption. ITR is the number of times that an inventory cycles through the firm in a year. ITR is an important measure of performance that demonstrates the effective utilisation of inventory within the firm (Gaur et al., 2005) . ITR is frequently calculated on stock keeping unit (SKU). Improving a firm's inventory performance yields better financial performance measure both at the gross profit and at the operating profit levels (Capkun et al., 2009 ). This is due to the firm either being able to increase sales or maintain optimal inventory investment.
Role of information technology on inventory performance
It is important to highlight the significance of information technology (IT) on inventory management. To have better inventory performance requires that inventory be visible at every level of the organisation. Even with all the controls managers place on inventory, quite often they are not sufficient enough to ensure desired performance results. The role IT plays in enhancing those control is pivotal to attaining inventory performance. Several studies have shown that IT allows business partners to share information related to customer orders and inventory positions in supply chains. Such facilitation of information sharing via IT should help manage inventories more effectively and streamline operations (Shah and Shin, 2007) . IT makes collecting data, tracking, performance-measuring and reporting on inventory easier and the timeliness of inventory information to stakeholders makes for better planning and execution of the supply chain.
Inventory performance evaluation and reporting
The widely held convention when it comes to inventory analysis and performance evaluation is to have it done annually. Many companies have maintained their annual inventory counting when research have shown that it is better to have a cycle counting program that counts inventory frequently according to their relative importance usually based on ABC inventory classification. Likewise, firms continue to analyse their inventory performance on an annual basis. Analysing inventory on an annual basis means that for eleven months no one in the firm really knows how one of their most valued resources is performing. Inventory turns should be measured periodically, perhaps quarterly to provide this valuable information to stakeholders just like sales is reported. Beside, most planning and reporting is done monthly and quarterly. For example, forecasting, demand planning, sales and operations planning, financial reporting are activities performed on a monthly and quarterly basis. Some of the reasons why inventory is counted annually are attributed to the sales cycle or business strategy a firm employ. If most of a firm's sales happen at the end of the year, it would be misleading and detrimental to act upon such a report.
In order to determine IT, the data of the 47 SKUs from the literature were enhanced by assigning random generated numbers for the SKUs AVG_INV values. This research uses multiple MCIC models that classified 47 SKUs according to A, B, or C. The results (classes) are assessed for turn performance using a similar method to Martin and Stanford's (2007) .
Literature review
One of the most important reasons for instituting an ABC inventory control program is the number of SKUs that exist in practice. These numerous SKUs cannot be individually managed and therefore require prioritisation (Cohen and Ernst, 1988) . Since its development in the 1950s, traditional ABC classification, which relies on a single criterion, usually annual dollar usage, has been researched extensively, and several other models have been developed. ABC is an effective method of classifying inventory into three different categories. Due to the amount of inventory that organisations hold, it is easier to plan for classes of inventory rather than individual SKUs. The mechanism of MCIC is to determine inventory prioritisation based on set criteria that converge to a single score which is then used to determine the rank of SKUs.
MCIC model review
Teunter et al. (2010) proposed a new cost criterion based on the inventory theory. The model applies both demand value and demand volume as ABC ranking criteria, with fixed service levels per class. An advantage of the cost criterion is its incorporation of criticality with other pertinent parameters to come up with a single criterion to rank and categorise SKUs into classes. The cost parameters for consideration are shortage cost, demand rate, inventory holding cost, and SKU order quantity. Their recommendation for fixed cycle service levels for each class could negatively affect some SKUs in a class since service level is unique for each SKU depending on forecast performance or other parameters that fluctuate periodically.
AHP has been widely used in MCDM in both academic research and in industrial practice. AHP has been implemented in almost all applications related to decision-making (Ariff et al., 2012) . The purpose of using AHP is to determine relative ranking of alternatives. To use AHP, the decision makers must compare all alternatives. The decision maker must have a good understanding of the problem in order for an accurate comparison of the alternatives (Levary and Wan, 1999) . Flores et al. (1992) and Partovi and Burton (1993) have suggested MCIC models that consider both quantitative and qualitative criteria based on the analytic hierarchy process developed by Saaty (1999) . The AHP technique has proven to be effective in many instances, especially when items to be compared are few. Despite its success, AHP has its challenges when there are many items to be compared, thus posing a pair wise comparison challenge.
The R model, proposed by Ramanathan (2006) , is capable of generating an aggregated performance score of one for many items, thereby adding a layer of complexity to further classifying those tied items and in other cases causing criterion dominance in determining aggregated performance (Lajili et al., 2012) . To mitigate some of the challenges of the R model, Zhou and Fan (2007) revised the weighted linear optimisation R model by using two sets of weights: one weight favourable and the other least favourable. The Zhou and Fan model (Z-F model) is a minimisation problem that extends the R model by using the least-favourable weights to reclassify those tied SKUs inherent in the R model during classification. Ng (2007) proposed a weighted linear optimisation model that attempted to simplify the classification steps for calculating and aggregating the SKU score in the absence of a linear optimiser. Due to the SKU weight independence of the Ng model and its resultant propensity to misclassify the SKU, Hadi-Vencheh (2010) advanced a nonlinear programming model that improved the Ng model. Soylu and Akyol (2014) proposed a model where the preferences of the decision maker are incorporated into the decision making process in terms of reference items into each class. They applied UTADIS (Zopounidis and Doumpos, 2002) based sorting methods to the multi-criteria ABC inventory classification problem. Since criteria priorities and class discrimination rules are industry or company specific, the decision maker's judgement is considered. In their research, information is inferred from reference items provided by the demand manager (DM), and a linear and a piece-wise linear utility functions were generated. A disadvantage of the method is that those SKUs that are not correctly ranked will have to be ranked manually thereby injecting subjectivity in the SKU ranking process.
Inventory performance metrics review
Inventory performance measures such as inventory turn is aligned with the operation of the firm but is also linked to strategic level and issues. This type of coherent linkage is what is needed in order to add value to a supply chain particularly to a firm. Implementing performance measures must be methodically done since performance measures and metrics must be executed within a framework similar to a strategic planning model beginning with an organisation's mission and vision as the focus for developing appropriate measures (Hervani et al., 2005) . Lee and Billington (1992) suggest operations managers to measure performance regularly and frequently, such as weekly or monthly to mitigate pitfalls within a supply chain. For example, The United States Agency for International Development (USAID) implemented a web-based logistics management system (LMIS) in Pakistan to deliver contraceptives. Inventory turnover was used to analyse the effectiveness of the system. The inventory turnover indicator in Pakistan provided decision makers with insight into the impact of changes they made both in terms of policy and system implementation. Lee et al. (2015) examined the impact of innovation on inventory turnover by using fixed effect panel regression models that considered both the firm and yearly fixed effects. Their results showed both process and product innovation exhibit a significantly positive correlation with inventory turnover, suggesting that the more innovative the firm the more efficient they are at managing their inventory. Further examination on how time and industry characteristics affect the impact of innovations on inventory turnover show that process innovation has a stronger and long-lasting effect on inventory turnover than product innovation does. Using inventory turn as a measure of supply chain performance does validate strategies that a firm might use. For example, assigning more inventory personnel to a cycle count of A-class items makes more sense that assigning more personnel on C-class items because revenue collected from the A-class items is higher than that from the C-class items.
Caplice and Sheffi (1994) distinguish inventory metrics into two categories: static metrics and flow metrics. According to them flow metrics is deemed to be more meaningful and suited for measurement. Two of the most popular inventory flow metrics (IFM) are ITR and IDOH. They highlight usage ratios as a general way to measure non-financial resource use. For example, a usage ratio such as inventory turn compares the amount of inventory consumed to the amount available.
Performance measurement model
The performance measurement used in this study is inventory turnover ratio. An IDOH is also derived from the inventory turnover ratio. Companies frequently evaluate the inventory performance at the SKU level in order to determine its merit relative to other SKUs and the company's strategy. Therefore, to determine SKU turn, the cost of goods sold is divided by its AVG_INV value. The calculation is expressed in equation (3.1). The turn for item S is represented by T S . The cost of the goods sold is C S while the quantity sold for the period under evaluation is Q S . Therefore, the cost of goods sold (COGS) is a product of C S and Q S . Average inventory (AVG_INV) value for the period is the beginning inventory (B S ) and ending inventory (E S ) values divided by two. In the case of this study, we randomly generated (B S + E S )/2 values. Equation (3.1) shows the formula for determining individual SKU turn.
Since we are concerned with performance of a group of SKUs in a class (C t ), at a particular period, all of the individual SKUs COGS and AVG_INV values are summed and their ratio determined to get the turn for that class as shown in equation (3.2). To mathematically align equation (3.2), the COGS are the product of AUC (C S ) and ADU (Q S ) for an inventory class.
where s represents the SKUs in a particular class. Equation (3.2) determines a class turns. Since a class comprise several SKUs, directly summing SKUs turns in a particular class will give an erroneous class turn. Therefore, C t , class turn, is derived by extending each SKU's cost with goods sold and then sum them up for all SKUs in that particular class as COGS. As such, to determine the AVG_INV for the class requires first the extension of each SKU's beginning and ending inventories. Their values are summed and then averaged. Finally, the COGS for the class are divided by the AVG_INV for the class to derive the class turn, C t . Equation (3.2) is an extension of individual inventory turns equation (3.1) where individual SKUs are evaluated and decisions made. For effective ABC inventory strategy, class turn aligns the ABC strategy with inventory class decision making.
Considering IDOH (I d ) as another tool for inventory performance, we derived I d as the product of the inverse of C t and d p shown by equation (3.3). However, for purpose of class performance illustration, we will focus on equation (3.2).
where (d p ) is the number of days in period under review.
An illustration
To validate the practicality of ABC class performance, we used equation (3.2) and the perennial 47 SKUs used by many researchers (Flores and Clay Whybark, 1986; Flores et al., 1992; Ramanathan, 2006; Zhou and Fan, 2007; Ng, 2007; Hadi-Vencheh, 2010) in their study of MCIC. The models selected for evaluation are ubiquitous in MCIC and the techniques, e.g., DEA (Cook et al., 1996; Torabi et al., 2012) , Nonlinear programming (Ng, 2007) , linear optimisation (Ramanathan, 2006; Zhou and Fan, 2007) used by the models are frequently used in decision making in one variant or another. The traditional model is well known and applied regularly in industry. Selecting these models, in our case, give coherent meaning, context, and consistency to a broader understanding of comparative inventory classification because of their previous use in comparing proposed models. For example, Lajili et al. (2012) used the ZF, R and Ng models for their evaluation of inventory performance. Rezaei and Dowlatshahi (2010) used the AHP to compare their model, Soylu and Akyol (2014) used AHP, R, and ZF (0.5), Torabi et al. (2012) used annual dollar usage, AHP, R, and ZF model, and later Hatefi and Torabi (2015) used the ZF, Chen, HV, and Ng models and Guvenir and Erel (1998) used AHP to compare against their GAMIC model.
A disadvantage of selecting these models could be that some of the models could be related as it is in the case of the R and ZF models. However, since the ZF model is an improved R-model, there is significant difference that warrants them to be treated differently. AHP involves building a hierarchy of decision elements to make comparisons between elements in a matrix to give a weight for each element and also a consistency ratio (Yalcin, 2008) . The model's ability to use both quantitative and qualitative elements makes it desirable to many fields of study. One obvious limitation is in element comparison when the elements are many.
The average unit cost (AUC) and annual demand usage (ADU) were extended to obtain SKUs dollar usage. Since the original data for the 47 SKUs do not contain AVG_INV, average inventory (AVG_INV) was determined by assigning random numbers to SKUs and then using their respective AUC to obtain AVG_INV values. Inventory classes were obtained by using Ramanathan's (2006) Table 1 shows the class obtained for the individual SKUs using Ramanathan's (2006) model, equation (3.4) . Individual SKU turn was calculated for a year using equation (3.1). Likewise, the class turns were calculated for all three classes -A, B, and C using equation 
Results
Figure 2 showed inventory turn to be highest for A-class regardless of the model used for all except the R-model. A-class has the highest turn in the AHP model, followed by the Hatefi and Torabi (2015) model, then Zou and Fan model, while A-class in the other models show lower turn than the previous three models but at still higher turn than B and C classes. 
Conclusions and discussion
Our results show that for all of the models evaluated except for the R-model, there is essentially no difference between the inventory turn performance of B-class and C-class SKUs. A-class SKUs consistently showed highest turns among the three classes, again except the R-model. C-class SKUs for the R-model showed highest inventory performance. There are some high SKU turns in the C-class particularly S02, S09, and S13 but that is due to the model's classification and the random values generated. To the contrary all the other models have classified them as A-items. In the case of this evaluation, it is important to note that the class turn is not the average of the individual SKU turns. For example, averaging individual turns for the A-class items results in a relatively higher class turn due to item S19's high turn. However, using equation (3.2) results in a class turn of two. Since all the criteria are positive in this case, A-items tend to be heavily weighted and therefore ranked higher due to their cumulative weights. For practical application, Teunter et al. (2010) suggested setting service level so that A-class items have the highest service level, followed by B-class, and so on. In our case that recommendation holds true for A-class only but not for B-class since there is no difference between the B-class and C-class. Adopting Teunter et al. (2010) recommendation could increase inventory in a supply chain for B-class or C-class in an ABC classification since service level is positively correlated to inventory level. The notion that service level should be set according to class is not unique to Teunter et al. (2010) , since some firms uphold that practice. In practice, A-class is assigned a make-to-stock, B-class assigned a make-to-assemble, and C-class assigned make-to order due to their lowest turn among the three classes. Likewise, the level of inventory to hold is being based on the class performance in some firms. For future research, the R-model could be scrutinised for coherence and robustness when it comes to classifying and ranking SKUs. Its persistent contradiction to all of the models regarding performance as showed by the results could be as a result of model formulation. We conclude that when inventory turn is used as class performance measure, A-class inventory turns inventory more than B-class or C-class inventories. Since there is virtually no performance difference between B-class and C-class, inventory classification can be limited to A and B classes. Additional resources devoted to C-class and other classes beyond C-class could be a waste of resources. For example, generating classes beyond B and assigning personnel for their cycle count adds to overall cost.
